Abstract: Frequent, region-wide monitoring of changes in pasture quality due to human disturbances or climatic conditions is impossible by field measurements or traditional ecological surveying methods. Remote sensing imagery offers distinctive advantages for monitoring spatial and temporal patterns. The chemical parameters that are widely used as indicators of ecological quality are crude protein (CP) content and neutral detergent fiber (NDF) content. In this study, we investigated the relationship between CP, NDF, and reflectance in the visible-near-infrared-shortwave infrared (VIS-NIR-SWIR) spectral range, using field, laboratory measurements, and satellite imagery (Sentinel-2). Statistical models were developed using different calibration and validation data sample sets: (1) a mix of laboratory and field measurements (e.g., fresh and dry vegetation) and (2) random selection. In addition, we used three vegetation indices (Normalized Difference Vegetative Index (NDVI), Soil-adjusted Vegetation Index (SAVI) and Wide Dynamic Range Vegetation Index (WDRVI)) as proxies to CP and NDF estimation. The best models found for predicting CP and NDF contents were based on reflectance measurements (R 2 = 0.71, RMSEP = 2.1% for CP; and R 2 = 0.78, RMSEP = 5.5% for NDF). These models contained fresh and dry vegetation samples in calibration and validation data sets. Random sample selection in a model generated similar accuracy estimations. Our results also indicate that vegetation indices provide poor accuracy. Eight Sentinel-2 images (December 2015-April 2017) were examined in order to better understand the variability of vegetation quality over spatial and temporal scales. The spatial and temporal patterns of CP and NDF contents exhibit strong seasonal dependence, influenced by climatological (precipitation) and topographical (northern vs. southern hillslopes) conditions. The total CP/NDF content increases/decrease (respectively) from December to March, when the concentrations reach their maximum/minimum values, followed by a decline/incline that begins in April, reaching minimum values in July.
Introduction
Global changes in land use and climate are causing increasing concern in both developed and developing countries. The fifth report of the Intergovernmental Panel on Climate Change [1] for
Materials and Methods
The overall approach of our methodology is presented in Figure 1 . The steps were as follows: In the first stage, two data sets of spectral measurements were collected, one comprising 47 laboratory measurements, and the other comprising 10 field measurements. After the spectral measurements, all vegetation samples were subjected to laboratory chemical analysis for CP and NDF. We considered different spectral units and pre-processing analyses in our model construction, in order to increase the predictive ability of the model [40] . Specifically, reflectance data was transformed to first derivative (FD) and to Kubelka-Munk (KM) units, and slopes between pairs of bands were calculated. Then the reflectance, FD, KM, and slope data from the laboratory measurements-along with their corresponding CP/Log (CP), and NDF/Log (NDF)-were used to develop regression models. For each chemical parameter (CP and NDF), several models (based on reflectance, FD, KM, and slope data) were obtained.
To track the seasonal variability of habitat quality, we followed the ecological approach by means of sampling methods and imagery temporal analyses [24, 41] . Sampling methods are clarified in Section 2.2. Temporal estimation relied on the analyses of eight Sentinel-2 images that were taken at different phenological stages. Seven images were used for spatial prediction of CP and NDF using the best-accuracy models, and one image was used for validation of results. All Sentinel-2 images were atmospherically corrected. We used reflectance data as well as reflectance transformed to FD and KM units, and slopes between the various spectral channels were calculated. All non-vegetation pixels were masked. Finally, CP and NDF maps for each model (reflectance, FD, KM, and slopes) were generated for all Sentinel-2 images. Ten samples and their corresponding chemical measurements were used to validate spatial mapping results. Only best-accuracy predictions are reported here. Below, in Sections 2.1-2.9, various stages of our analyses are described in more detail. 
Study Areas
Two pasture areas were selected for this study, each with different climatic conditions and soil qualities: Ramat Menashe and the Patish Basin (Figure 2a, 2b) . Ramat Menashe is located in the southern Carmel hills (32°34′N; 35°6′E), with an average height of 400 m above sea level (ASL). The climate is mostly Mediterranean, with rainfall from November to April and a cattle-grazing period
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Study Areas
Two pasture areas were selected for this study, each with different climatic conditions and soil qualities: Ramat Menashe and the Patish Basin (Figure 2a,b) . Ramat Menashe is located in the southern Carmel hills (32 • 34 N; 35 • 6 E), with an average height of 400 m above sea level (ASL). The climate is mostly Mediterranean, with rainfall from November to April and a cattle-grazing period from mid-February to mid-May. The long-term annual rainfall average is 580 mm, dropping to around 360 mm in dry years and rising to 800 mm in rainy years [42] . The soil is shallow dark Rendzina (Mollisol according to USDA soil taxonomy), 10-25 cm in depth, on Eocenic bedrock. The composition of the vegetation is 80-90% annuals, and 10-20% perennials and stones. A high diversity of annual vegetation (about 9% legumes, 38% grasses, and 53% forbs) covers the area during the growth season in the spring. The dominant perennials (shrubs) in this area are Echinops polyceras and Foeniculum vulgare Mill., with Sarcopoterium spinosum on the ungrazed northern slopes. The grazing period of the cattle is 29 grazing days per hectare during the green season, and 52 days during the dry season [43] . Ramat Menashe is a long-term ecological research (LTER) site; three study plots (GL1-GL3, Figure 2c ) and one control plot (GL4) were set. 
Sample Site Identification: Ecological Approach
In order to properly describe the spatial pattern of habitat quality and its extent within the study areas, a benchmark survey was conducted. The latter determined whether the pattern or process was on a local, regional, or global scale. We used the ecological typical benchmark habitat method described in [47] [48] [49] . Briefly, long transects were set up at each of the two study plots in Ramat Menashe (GL1 and GL2, Figure 2c ). Four parcels, each of 1.2 m 2 (Figure 3c .1), were established along each transect, 10 m distance from each other. One parcel each, in GL3 and GL4 also were established. In situ spectral measurements and laboratory chemical analyses were conducted on vegetation samples from a total of 10 of these parcels. The Patish Basin (31 • 22 N, 34 • 40 E) is located in the northern part of Israel's Negev desert and it spans a hilly area of 230 km 2 , with an average height of 150 m ASL. The climate is semi-arid, with rainfall from November to April, and a long-term annual rainfall average of 200-300 mm [42] . The grazing season is from mid-February to mid-May, when the annuals are at peak growth; this growth tails off in mid-spring (March-May) when the annuals are subjected to dry conditions [44] . The soil is Loess with a sandy loam texture (Calcixerollic, Xerochrepts according to USA classification), 1 m in depth, on Eocene bedrock [45] . The main land use is natural pasture, moderately grazed by Bedouin-owned herds of Awassi sheep. The dominant perennial species in the research area are the shrubs Atractylis serratuloides (Asteraceae), Noaea mucronata (Chenopodiaceae), and Thymelaea hirsuta (Thymelaeaceae); the geophyte Asphodelus ramosus (Liliaceae); and the Tamarix negevensis tree. The main annual species are Reboudia pinnata (Brassicaceae), Avena sativa (Poaceae), Stipa capensis (Poaceae), Hordeum glaucum (Poaceae), Bromus scoparius, Crepis sancta, Chrysanthemum coronarium, Scolymus maculatus, Senecio flavus, Atriplex spp, and Centaurea iberica [46] 
In order to properly describe the spatial pattern of habitat quality and its extent within the study areas, a benchmark survey was conducted. The latter determined whether the pattern or process was on a local, regional, or global scale. We used the ecological typical benchmark habitat method described in [47] [48] [49] . Briefly, long transects were set up at each of the two study plots in Ramat Menashe (GL1 and GL2, Figure 2c ). Four parcels, each of 1.2 m 2 ( Figure 3C .1), were established along each transect, 10 m distance from each other. One parcel each, in GL3 and GL4 also were established. In situ spectral measurements and laboratory chemical analyses were conducted on vegetation samples from a total of 10 of these parcels. 
Chemical Analyses: Reference Measurements
We used CP and NDF as indicators of pasture quality. Immediately after the spectral measurements, all vegetation samples were oven-dried for 72 hr at 60 °C, ground to pass through a 1-mm sieve and 25 g each of sample subjected to chemical analysis for CP and NDF [6] . The chemical analysis for CP was performed using the automated Kjeldahl method, and for NDF, according to Goering and Van Soest [15, 50] . CP was determined by acid digestion [51] . NDF was measured using a detergent that solubilizes the proteins and sodium sulfite, and that helps to remove some of the nitrogenous matter and similarly to Van Soest [52] . NDF content was determined as: {([crucible 
We used CP and NDF as indicators of pasture quality. Immediately after the spectral measurements, all vegetation samples were oven-dried for 72 h at 60 • C, ground to pass through a 1-mm sieve and 25 g each of sample subjected to chemical analysis for CP and NDF [6] . The chemical analysis for CP was performed using the automated Kjeldahl method, and for NDF, according to Goering and Van Soest [15, 50] . CP was determined by acid digestion [51] . NDF was measured using a detergent that solubilizes the proteins and sodium sulfite, and that helps to remove some of the nitrogenous matter and similarly to Van Soest [52] . NDF content was determined as: {([crucible weight + fiber] − crucible weight w/o fiber)/(sample weight × lab, dm as decimal)} × 100 [6, 52] . Log-transformed values of CP and NDF were also calculated, to obtain a normal distribution of reference values for partial least squares (PLS) analysis.
Field Measurements
Sample Collection
Two sets, field in-situ and laboratory measurements, were conducted using the Analytical Spectral Devices (ASD) Fieldspec-Pro JR Spectroradiometer [53] , at the Ramat Menashe and Patish Basin sites.
At the Ramat Menashe site, field measurements were conducted on 20 April 2017 (between 10:00-14:00), a day before Sentinel-2 data acquisition. Four enclosures of 1.2 m 2 each were defined within each of the plots GL1-GL2, and two additional were defined in GL3 and in GL4 respectively. After spectral measurements at each of the enclosures, the vegetation was cut ( Figure 3C .3) and collected into paper bags for chemical analysis. A total of 10 fresh vegetation samples were collected. All spectral measurements were conducted under clear-sky conditions.
At the Patish Basin, 36 fresh vegetation samples were collected from the Gilat Research Center and Shaked Park sites on 12 March 2013, and 16 partially fresh and dry samples were collected along the herd grazing path on 5 November 2012 [6] . All parts of the vegetation sample (leaves, stems, and grains) were cut off and were kept in paper bags for spectral measurements at laboratory condition and chemical analysis. A total of 47 out of 52 vegetation samples were used in developing regression models.
Spectral Measurements
The ASD measures spectra in 2151 bands across 350-2500 nm. To obtain reflectance values, the spectra was presented against a white Halon panel reference [54] . At Ramat Menashe, spectral measurements were conducted in ten parcels of 1.2 m 2 each; in each parcel, a total of five spectral measurements were taken-one in each of the four corners, and one in the middle ( Figure 3C.2) . Then, the measurements were averaged. A bare fiber was set up to measure from the nadir position at a height of 50 cm above the vegetation canopy, with instantaneous field of view (IFOV) of 23 cm. The totals of 10 (averaged) spectra obtained at Ramat Menashe were used for validation of regression models. At the Patish Basin, the reflectance spectra of samples were measured under laboratory conditions, via direct contact of the probe to the vegetation sample. The spectral measurements of vegetation samples were conducted at the sampling day. The total of 47 spectra obtained was used to develop regression models, as described below. After spectral measurements, all vegetation samples were subjected to laboratory chemical analysis for CP and NDF.
Data Pre-Processing
All field and laboratory spectral measurements were spectrally resampled to match the configuration of Sentinel-2 data, for 12 out of the 13 bands in the VIS-NIR-SWIR spectral region. Band 10 (1373 nm) was not included in the resampled data because the atmospheric correction results also omitted this channel (see Section 2.5.2 below). The spectral resampling was carried out using the "spectral resampling" procedure provided in the ENVI software (version 5.2) [55] . It requires spectral Remote Sens. 2019, 11, 799 8 of 28 channels central wavelength as input, then the algorithm assumes critical sampling range, and uses a Gaussian model with a FWHM (Full Width at Half Maximum) that is equal to the band spectral range.
Next, different pre-treatments techniques were applied on both field and laboratory spectral measurements, in order to improve the predictive ability of the constructed model [40] . Specifically, the reflectance data was transformed to First Derivative (FD), and to Kubelka-Munk (KM) units, and slopes between pairs of bands were calculated. FD transformation used the Savitzky-Golay [40, 56] method for computing first-or higher-order derivatives, with a smoothing filter that reduces instrumental noise and that determines how many adjacent wavelengths will be used to estimate the polynomial approximation for derivation [40] . A polynomial order of one was used. The KM theory assumes a linear relationship between spectral intensity and sample concentration [57] , and is calculated as (1−R) 2 /2R, where R is the reflectance [58] . The KM transform of the measured spectra is approximately proportional to the absorption coefficient, and hence, to the concentration. Generally, the KM spectral curves reduce high-frequency noise without degrading the shape of the original spectra [56] .
Slopes between bands were calculated after the reflectance data was transformed to continuum removal (CR) units. The commonly used CR technique [18, 22, 55, 59, 60] normalizes the reflectance spectra to a baseline, thus enhancing spectral differences and enabling the identification of individual absorption features. Slopes were calculated using the following equation: slope = ((y2 − y1)/(x2 − x1)), where the x-axis represents wavelength, and the y-axis represents CR values [7] . To find the best slopes, all possible pairs of channels were examined. The temporal resolution of a satellite is 10 days [61] . To obtain a spatial representation of CP and NDF levels, and a temporal representation along the growing period using Sentinel-2, cloud-free images of the Ramat Menashe area (Figure 2a ,b) were downloaded from the archives of the USGS Earth Explorer website [62] . A total of six Sentinel-2 images were used for CP and NDF mapping along the growing season (28 December 2015 , 17 January 2016 , 16 February 2016 , 7 March 2016 April 2016, and 20 February 2017); one image was used for the dry season (15 July 2016); and one was used for validation (21 April 2017) . We used a Level-1C product, which comprises geo-coded, top-of-atmosphere reflectance, with a sub-pixel multi-spectral registration [63] .
Sentinel-2 Image Pre-Processing
The Sen2Cor atmospheric correction processor was used to retrieve surface reflectance [64] . The atmospheric correction processing include: (1) bottom of the atmosphere (BOA) reflectance, (2) Cirrus Correction algorithm that uses the Sentinel channels 10 and 3 to identify cirrus clouds and cloud shadows respectively. We used rural (continental) aerosol type with mid-latitude summer and of 331 Dobson Units ozone concentration [65] . The Sen2Cor output product format is equivalent to the Level-1C user product: JPEG 2000 images with three different spatial resolutions-10, 20, and 60 m-without the water absorption band (channel 10:1373 nm). Next, the resolutions of 10 and 60 m were resampled to 20 m, using the "special resampling" procedure provided in the ENVI software (version 5.2) [55] . The final image contains 12 channels with a 20 m spatial resolution.
The Normalized Difference Vegetative Index (NDVI) was calculated for all Sentinel-2 images. NDVI, based on the red and near-infrared (NIR) reflectance ratio, is used as a temporal indicator of the vegetation cover, and is calculated by: NDVI = (NIR − Red)/(NIR + Red)), where NIR and Red are the reflectances of the corresponding spectral channels [66] . A threshold of NDVI < 0.35 was used as a Remote Sens. 2019, 11, 799 9 of 28 condition for masking non-vegetation pixels for all images except April 21, 2017 (the latter was used for validation). Generally, the growth peak is at the end of February-March. In April, some vegetation had already been consumed by herds. Hence, for this image, the masking threshold was adjusted to the minimal NDVI value obtained from the field measurements collected at Ramat Menashe on 20 April 2017 (the previous day), and was set at NDVI < 0.25. Finally, we applied the above-mentioned pre-treatments (FD, KM, and slopes) to the spectral domain for all Sentinel-2 images.
Meteorological Data
Monthly precipitation and air temperature measurements from ground monitoring stations of the Israel Meteorological Service were obtained for 2016 and 2017 [42] .
Statistical Analysis: Regression Models
Calibration equations were created by using PLS regression performed on the reflectance, FD, KM, and slope data, following resampling to the Sentinel-2 configuration, for each chemical reference (CP and NDF) separately:
where Y is the chemically measured CP or NDF content of a vegetation sample; A1-An are empirical coefficients at specific wavelengths/slopes; and X is a spectral reflectance/FD/KM value at a specific wavelength, or a slope of the spectra in a specific range. We used a leave-one-out cross-calibration approach.
To estimate the accuracy of our models, we constructed different calibration, validation/test sets, and used random as well as supervised samples selection (see Section 2.8). The statistical accuracies of all models were assessed by the root mean square error of prediction (RMSEP), or by the root mean square error of cross validation (RMSECV) [67] :
where Y m is chemically measured, and Y p is the predicted value of a sample using spectral measurement, and n is the number of samples used in the calibration stage. The best model was selected based on the lowest RMSEP (%) and the highest coefficient of determination (R 2 ). All data analyses were performed using SAS software (version 9.4). We also compared statistical parameters between both the calibration and validation data sets, to assure that they provided a similar range of values. In other words, calibration sets are representative of the validation/test sets [67] . An additional supporting parameter for choosing the best prediction model is the index of agreement [68, 69] . The index is a measure of accuracy, and it is aimed at evaluating the model performance:
where O i is a chemically measured value, P i is a predicted value, andŌ is the average of the measured samples. The index varies from 0 to 1, where higher values indicating better agreement with the measured data, and lower values indicate models that are less or not accurate.
Model Development: Selection of Calibration/Test Sample Sets
As we noted previously, all spectral measurements were resampled to Sentinel-2 configuration. Thereafter, Partial Least Squares (PLS) regression analysis was run on the laboratory (fresh and dry vegetation samples) and field (fresh) measurements, using different configurations. Five different options of choosing calibration/validation data sets were considered and tested.
1. Leave-one-out cross-calibration models were run on reflectance measurements and transformed reflectance (e.g., using different pre-treatments techniques: FD, KM, and slopes), to develop the best prediction model for CP and NDF. Each data set consisted of 47 laboratory spectral measurements, and 10 from the field were used for validation. The best selected model used a total of 43 out of 47 samples. Additional models were constructed (e.g., options 2-4 below). This need was mainly governed by the relatively small number of samples available in our study.
2. Random selection. Five different randomly selected calibration data sets were constructed. Each set consisted of the above-mentioned 43 samples: 33 for calibration, and 10 samples for validation. In addition, we used an external test set of seven (field) samples.
3. Laboratory and field samples in a model. An important question examined in this study is whether including the field (fresh) measurements from Ramat Menashe site with the laboratory (fresh and dry samples) measurements improved the model accuracy. To that end, we used 43 laboratory measurements and six from the field measurements (four from GL1 and two from GL3, GL4), in a total of 49 vegetation samples. The vegetation samples from GL2 parcel were not included in the calibration models, and used for validation. Then, five randomly chosen datasets were constructed. Each dataset included 39 samples for calibration, and 10 samples for testing.
4. Only fresh samples in a model. Here, we examined whether reducing dry samples impacts on the model accuracy. To that end, we ran leave-one-out PLS models on 36 fresh samples (out of 43, of the selected best model).
5. Using three vegetation indices as a proxy for CP and NDF estimation. A correlation between CP/NDF contents and the aboveground biomass of vegetation, using remotely sensing data has already been reported [70] [71] [72] . If so, this would necessitate the development of spectral models for CP and NDF estimation. To investigate this point, we used NDVI [66] , SAVI (Soil-adjusted Vegetation Index) [73] , and WDRVI (Wide Dynamic Range Vegetation Index) [70] . Similar to our previous sample selection, the same 43 vegetation samples were used, and leave-one-out statistical approach was applied.
Model Validation
A total of 10 spectra were received and used to validate the accuracy of CP and NDF predictions (e.g., eight in GL1 and GL2, and two in GL3 and GL4). The best model was selected based on the statistical parameters used in our study, and reference chemical measurements. To this end, the estimated CP and NDF generated from the model using Sentinel-2 image from 21 April 2017 were compared to the CP and NDF data obtained from the vegetation samples collected on 20 April 2017.
Results
Chemical References: CP and NDF
The range of CP and NDF data used to develop models was wider than the range of data used for the validation of the selected best model. For the model development data (47 samples), the average, STD, and range of CP values were 9.6%, 3.9%, and 3-17.2% respectively; for the NDF values, the average, STD, and range were 52.5%, 12%, and 27-71%. For the validation sample data (10 samples) the average, STD, and range of the CP values were 7.5%, 0.95%, and 5.9-9.2%; for the NDF values, the average, STD, and range were 64.9%, 4.85%, and 57-73%.
For the Patish Basin field measurements, the determination coefficient between the measured CP and NDF was R 2 = −0.65 (n = 47), whereas for the Ramat Menashe field measurements, R 2 = −0.47 (n = 10). 
Spectral Analysis
PLS Analysis of Different Selection Models
A score plot of samples from the PLS model for CP is shown in Figure A1 . To assess CP and NDF, the first four LV (latent variable) components in the PLS model explained 98% of the X variance (reflectance), and 85% (for CP) and 73% (for NDF) of the Y variance (chemical components). This indicated that most of the spectral variation is related to the CP and NDF. Furthermore, there was a good correspondence between spectral reflectance and chemical constituents (CP and NDF), 
A score plot of samples from the PLS model for CP is shown in Figure A1 . To assess CP and NDF, the first four LV (latent variable) components in the PLS model explained 98% of the X variance (reflectance), and 85% (for CP) and 73% (for NDF) of the Y variance (chemical components). This indicated that most of the spectral variation is related to the CP and NDF. Furthermore, there was a good correspondence between spectral reflectance and chemical constituents (CP and NDF), as explained by the first LV components. The first LV component reflects the quantitative change in CP% content measured in the samples whereas the second LV component exhibits the change in water content that impacts spectral reflectance of all surfaces. Specifically, the CP content increases from left to right along the axes, and water content increases from top to bottom ( Figure A1 ) [6] . Table 1 summarizes the PLS regression analyses for the FD, reflectance, slope, and KM models. In general, the highest R 2 for predicted CP is produced by the FD model (0.764) and for predicted NDF by the slope and reflectance models (0.778 and 0.775, respectively). Note that all models were found to be significant (p < 0.05). The index of agreement values of the different models are good and varied between 0.71-0.78 for CP and between 0.73-0.78 for NDF (Table 1) . PLS regression analyses, when run only on fresh vegetation samples (Table 1 ) was found to be significant, with an R 2 of 0.592 for CP, and 0.698 for NDF correspondingly, and the index of agreement was 0.64 for CP and 0.7 for NDF. The selected best prediction models for CP (called S2_CP_RI: Sentinel-2 Crude Protein Reflectance Index) and NDF (called S2_NDF_RI: Sentinel-2 Neutral Detergent Fiber Reflectance Index) were reflectance-based. The Sentinel-2-based formula generated by these models is presented in Table 2 . This is especially true for CP. Thus, even extremely small differences between the modeled and actual values strongly influence RMSEP in a positive direction. However, these results also highlight a certain bias (e.g., slope) of our model when it is used on the external test set samples. This bias is due to several reasons: (1) a small number of samples; (2) four samples have similar %CP values, resulting in a spurious scatter. Figure 5 presents the measured vs predicted values of CP and NDF at Ramat Menashe (field measurements vs results from the selected best model, based on reflectance spectra). The R 2 for CP is 0.67 (seven out of 10 vegetation samples), and for NDF, 0.75 (nine out of 10 samples). Although our results show relatively high correspondence between measured vs predicted CP and NDF values, it should be noted that the samples represent only a relatively small dynamic range of reference values. This is especially true for CP. Thus, even extremely small differences between the modeled and actual values strongly influence RMSEP in a positive direction. However, these results also highlight a certain bias (e.g., slope) of our model when it is used on the external test set samples. This bias is due to several reasons: 1) a small number of samples; 2) four samples have similar %CP values, resulting in a spurious scatter. In light of the results presented in Figure 5 , several additional steps were further implemented to verify the accuracy of our models: 1) Five additional randomly selected data sets were constructed R² = 0.67 In light of the results presented in Figure 5 , several additional steps were further implemented to verify the accuracy of our models: (1) Five additional randomly selected data sets were constructed (Table 3) ; (2) models were examined using a test image, and estimated values were compared to the laboratory measurements. Table 3 summarizes the PLS regression analyses results for randomly selected calibration samples in five different data sets. As can be seen, all models are significant, with a relatively good and comparable R 2 and index of agreement being obtained for all data sets.
nm
Another important question relates to whether the addition of field measurements to the laboratory measurements improves the model results. In Table 4 , we estimated the accuracy of a joint data set. Applying these models on the Sentinel-2 image from 21 April 2017 resulted in a good agreement with the field measurements. Similarly to our results in Table 3 , all models were significant, with relatively good R 2 and low RMSEC (%) (R 2 ranges of between 0.69-0.72 for CP and 0.63-0.71 for NDF). Figure 6 presents the distribution, average, and STD of CP and NDF for field measurements from Ramat Menashe, shown against the corresponding pixel values of the region of interest (ROI) that bounds the sampling location in each study plot (GL1-GL4). As can be seen, when the model (Table 4) was run on the GL2 parcel (which did not participate in the model construction), it provided a comparable degree of accuracy (average CP values for GL2 chemically measured = 7.69% vs. estimated values ranging between 7.3 to 7.45% and for NDF 64.62% vs. 64.38-65.1%, respectively. Note the improvement in NDF estimation using the joint data set (64.38-65.1%), compared to our best model (56.59%,).
The results shown in Figure 6 were received after implementing the reflectance and FD models on Sentinel-2 data from 21 April 2017. It can be seen that the average, STD, and range values of the reflectance model were closer to the field measurements than the FD model.
In Table 5 , we compare between reflectance-based models (the best selected) and vegetation indices-based models. As can be seen, the reflectance model provides much better accuracy than indices-based models. Although for CP, when the indices-based model was significant, poor R 2 was achieved (0.35-0.37). Note that NDF estimation models were not found to be significant (p > 0.12), with R 2 ≤ 0.06. In Table 5 , we compare between reflectance-based models (the best selected) and vegetation indices-based models. As can be seen, the reflectance model provides much better accuracy than indices-based models. Although for CP, when the indices-based model was significant, poor R 2 was achieved (0.35-0.37). Note that NDF estimation models were not found to be significant (p > 0.12), with R 2 ≤ 0.06. Figure 7 presents the estimated spatial variability map of the CP and NDF contents, using the reflectance models S2_CP_RI and S2_NDF_RI, during different phenological cycles: at the beginning of the winter season (28 December 2015) ; during the vegetation growth period (17 January 2016 and 16 February 2016); at the peak of vegetation growth (7 March 2016) ; during the grazing period (16 April 2016) ; and during the summer season (15 July 2016). For each period, an inverse relation between CP and NDF was evident: CP increased as NDF declined. Note that with the coming of March, when vegetation growth reached its maximum (RGB image used as reference, Figure 7) , the number of pixels that met the NDVI criteria (NDVI ≥ 0.35) increased; this number then declined in April and dropped significantly in summer. In addition, the CP and NDF maps show their values increasing and decreasing (respectively) during the winter season until a peak was reached on 7 March 2016, which was then followed by a fall in CP and a rise in NDF, as measured on April 16, 2016. In the summer (15 July 2016), the amount of vegetation declined significantly, lowering the total CP content available to herds. Specifically, the CP averages for the study area (not including pixels with NDVI < 0. (Table 1) , consequently). The maps were generated for a Sentinel-2 image from 21 April 2017, and they highlight the differences between the two models. In the reflectance-based map (b), the CP values (Table 1) , consequently). The maps were generated for a Sentinel-2 image from 21 April 2017, and they highlight the differences between the two models. In the reflectance-based map (b), the CP values were higher in the dense vegetative areas, while the FD-based map (c) was a noisy image, with a salt-and-pepper appearance that made the interpretation of results difficult. In addition, the frequency distribution of CP values was overestimated in the FD-based map, with an average value of around 9.5% (e), comparing to 8% using the reflectance-based model (d), and validatory vegetation samples (7.5%). This result suggests that the FD model, while returning a higher R 2 and lower RMSEP, exhibits overfitting, and it is less reliable for CP estimation. Furthermore, as also evident from the wheat field area (shown with a black ellipse on Figure 8a ), the reflectance model (Figure 8b ) also provides a much easier interpretation of CP values within agricultural plots than the FD model (Figure 8c ).
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Discussion
For the majority of our models, the PLS analysis returned a relatively low RMSEP and a high index of agreement (ranging from 0.71 to 0.78) and a relatively high R 2 (0.71-0.778) ( Table 1) . This was despite the fact that the samples used to develop the models were collected from the Patish Basin site, which is a semi-arid climate area, whereas the models were then applied and validated in the mostly Mediterranean climate of the Ramat Menashe site. The two sites are located at a distance of 145 km from each other, and they have similar vegetation properties (as evident in Figure 10) . Indeed, Figure 3 shows that annual species in Ramat Menashe from the Gramineae (Poaceae) 
For the majority of our models, the PLS analysis returned a relatively low RMSEP and a high index of agreement (ranging from 0.71 to 0.78) and a relatively high R 2 (0.71-0.778) ( Table 1) . This was despite the fact that the samples used to develop the models were collected from the Patish Basin site, which is a semi-arid climate area, whereas the models were then applied and validated in the mostly Mediterranean climate of the Ramat Menashe site. The two sites are located at a distance of 145 km from each other, and they have similar vegetation properties (as evident in Figure 10) . Indeed, Figure 3 shows that annual species in Ramat Menashe from the Gramineae (Poaceae) family-such as Stipa capensis, Hordeum glaucum, and Bromus scoparius-are also part of the annual ecological community in the Patish Basin (Figure 10 ) [46, 74] . Based on our results, the distance between the sites does not have a significant impact on the accuracy of our models for predicting the CP and NDF contents. As mentioned above, the models that were selected for spatial mapping are reflectance-based: S2_CP_RI for CP and S2_NDF_RI for NDF (Table 2) . Furthermore, our best selected models were developed using a mixed-sample dataset (fresh and dry vegetation samples). When the dry samples were removed, the R 2 was lower and RMSEP was larger comparing to models that combined both the fresh and dry samples (R 2 = 0.592 for CP, 0.698 for NDF, vs 0.711 for CP, 0.775 for NDF, Table 1 ). These results are important, because along the growth period, dry vegetation can be found in the pasture area. This "mixed" vegetation selection was previously reported [6] . In that study, different dry-to-fresh ratios were used, and a good R 2 was found for most of them. For the current study, we used a ratio of 17% dry to 83% fresh. As can be seen in Figure 3 , the vegetation in the study areas is mostly fresh; however, there are also different levels of dry vegetation.
Our PLS analysis includes different wavelength bands that were selected to generate a model with the most accurate estimation of CP and NDF contents (Table 1 ). Wavelengths at 560 nm, 665 nm, 865, and 2202 nm were found to be the most important in our analyses. Note that in all models, the 865 nm band and 2202 nm band were found to be important (Table 1 ). The estimation of CP and NDF contents in plants using the VIS-NIR spectral range has been reported [29, [75] [76] [77] [78] [79] [80] [81] . Similar to our results, Starks et al. [26] reported that narrow wavebands (e.g., reflectance centered at 485 nm, 605 nm, 725 nm, 755 nm, 765 nm, 865 nm, and 915 nm (± 5 nm)) had greater R 2 with CP and NDF availability. The findings of Kawamura et al. [78] indicate that CP and NDF can be estimated with wavebands in the VIS-NIR region by using ground-based canopy reflectance: CP with 700-705 nm, 725 nm, 760 nm, and 775 nm, and NDF with 720-745 nm, 700 nm, 715 nm, and 760 nm. As mentioned above, the models that were selected for spatial mapping are reflectance-based: S2_CP_RI for CP and S2_NDF_RI for NDF (Table 2) . Furthermore, our best selected models were developed using a mixed-sample dataset (fresh and dry vegetation samples). When the dry samples were removed, the R 2 was lower and RMSEP was larger comparing to models that combined both the fresh and dry samples (R 2 = 0.592 for CP, 0.698 for NDF, vs. 0.711 for CP, 0.775 for NDF, Table 1 ). These results are important, because along the growth period, dry vegetation can be found in the pasture area. This "mixed" vegetation selection was previously reported [6] . In that study, different dry-to-fresh ratios were used, and a good R 2 was found for most of them. For the current study, we used a ratio of 17% dry to 83% fresh. As can be seen in Figure 3 , the vegetation in the study areas is mostly fresh; however, there are also different levels of dry vegetation.
Our PLS analysis includes different wavelength bands that were selected to generate a model with the most accurate estimation of CP and NDF contents (Table 1 ). Wavelengths at 560 nm, 665 nm, 865 nm, and 2202 nm were found to be the most important in our analyses. Note that in all models, the 865 nm band and 2202 nm band were found to be important (Table 1 ). The estimation of CP and NDF contents in plants using the VIS-NIR spectral range has been reported [29, [75] [76] [77] [78] [79] [80] [81] . Similar to our results, Starks et al. [26] reported that narrow wavebands (e.g., reflectance centered at 485 nm, 605 nm, Remote Sens. 2019, 11, 799 20 of 28 725 nm, 755 nm, 765 nm, 865 nm, and 915 nm (±5 nm)) had greater R 2 with CP and NDF availability. The findings of Kawamura et al. [78] indicate that CP and NDF can be estimated with wavebands in the VIS-NIR region by using ground-based canopy reflectance: CP with 700-705 nm, 725 nm, 760 nm, and 775 nm, and NDF with 720-745 nm, 700 nm, 715 nm, and 760 nm.
It is interesting to note that many studies have reported that foliar nutrient concentrations across the VIS-NIR spectral range are related to protein [22, 78, [81] [82] [83] [84] [85] [86] . Nitrogen is an essential element in the life-activity of vegetation, having an important function in the biosynthesis of proteins, nucleic acid, chlorophyll, and enzymes, and playing a crucial role in vegetation photosynthesis [87] . For example, Clifton et al. [82] found that nitrogen analyses confirmed that reflectance measurements in red (650-670 nm) and NIR (830-850 nm) were accurate predictors of green CP density for a variety of grass swards. Indeed, the Kjeldahl method measures CP concentrations by determining nitrogen, with a factor of 6.25 being used for the conversion of N into CP [88] . Moreover, strong predictive relationships between spectral reflectance in VIS-NIR region and canopy foliar N concentration were found by using hyperspectral data (from the Hyperion satellite, and from AVIRIS airborne and lab/field spectrometers) [79, 80, 87, [89] [90] [91] .
The SWIR region is also widely used for CP and NDF estimation in forage [6, 7, 13, 29, 76, 78, [92] [93] [94] [95] [96] [97] [98] . Our results are in agreement with other studies that have also reported the importance of the SWIR region, and specifically for the wavelengths of 2202 nm (CP in rapeseed, R 2 = 0.98 [99] and 2204 nm (NDF in forage, R 2 = 0.97 [16] . The SWIR spectral range contains information about the major X-H chemical bonds, due to vibrations arising from the stretching and bending of H bonds associated with C, O, and N. For examples, the protein-associated N-H and C-H bonds absorb at 2060 nm, 2130 nm, and 2180 nm (N-H) and at 2240 nm (C-H) [100] [101] [102] [103] [104] .
The spatial mapping of CP and NDF contents, shown in Figure 7 , revealed an inverse relationship between the two components during different phenological cycles. These results were also supported by the in situ field measurements from the Ramat Menashe (R 2 = −0.65, p < 0.05) and Patish Basin (R 2 = −0.47, p < 0.05) sites. Other studies have also found this relationship by using laboratory measurements [105] or NIRS analysis [29, 76, 106] . For example, Pullanagari et al. [29] found that the coefficient of determination between CP and NDF was R 2 = −0.804 (p < 0.001). As can also be seen in Figure 7 , the CP and NDF maps revealed (respectively) increasing and decreasing trends over the winter season, reaching maximum/minimum values on 7 March 2016, followed in turn by a fall in CP and a rise in NDF (Figure 7) . It is interesting to note that this increase/decrease of CP/NDF is accompanied by an increase in NDVI until 7 March 2016, followed by a substantial decrease toward July. Specifically, the averaged NDVI for the Ramat Menashe site was 0. 43 The true color of the time series of Sentinel-2 images (Figure 7) indicates an increase in biomass up to a peak on 7 March 2016, followed by a substantial decline to a low in July. Thus, CP and NDF maps produced using the reflectance-based model can indicate the relationship between NDVI, biomass, and protein content, as shown in Figure 7 . A correlation between the CP content and the aboveground biomass of vegetation, using remote sensing data, was previously reported in the literature [70] [71] [72] [107] [108] [109] [110] [111] [112] [113] . In other study, Filella et al. [109] found that in the Mediterranean ecosystem, NDVI was sensitive not only to biomass and phenology changes, but also to protein content. In this regard, a reader may assume that NDVI can be used as a good proxy for CP/NDF contents, and using reflectance-based or any other models is useless. However, as our results indicate, NDVI, SAVI, WDRVI provide poor accuracy in CP and NDF estimations (Table 5) . Furthermore, the estimation of NDF is only possible by using a reflectance-based model.
For Mediterranean ecosystems, rainfall seasonality (the length of the growing season and the timing of the rainfall) and air temperature are important factors that influence the variability of the vegetation during the growth season [106, 114] . Our findings suggest that precipitation and temperature might affect CP and NDF contents on spatial and temporal scales. As can be seen in Figure 9A , the monthly precipitation and the precipitation patterns between December and April in two subsequent years (2016 and 2017) were different. The winter of 2017 brought more rain overall than the winter of 2016, with a significantly larger amount of precipitation falling at the beginning of the growth season. The total rainfall between December and April was 335 mm in 2016 and 466 mm in 2017, with respective maximum monthly figures of 148 mm (in January 2016) and 288 mm (in December 2016). On the other hand, the monthly average air and near-ground temperatures were higher in 2016 than in 2017 ( Figure 9A ). The lower near-ground temperatures in 2017 would have resulted in a lower evaporation of water in the soil; together, higher precipitation and lower temperatures lead to greener vegetation for a longer period of time [115] . Green vegetation tissues may have a high nitrogen content (protein) and low NDF content [116] . Accordingly, it is interesting to note the differences between the CP maps for the same period in each of these two years, from 16 February 2016 and 20 February 2017 ( Figure 9B ). As can be seen, the CP content was significantly higher in 2017 than in 2016. Also, the CP distribution diagram ( Figure 9C ) shows a shift toward higher CP values in 2017. The equivalent NDF map ( Figure 9B) shows an inverse pattern to the CP map, and thus, it also matches the rainfall and temperature patterns, with significantly higher NDF content in 2016, than in 2017.
It is not only precipitation and temperature that affect the total CP and NDF content. Topography also has a pronounced influence, with the CP content on northern hillslopes being found to be higher than on southern hillslopes. Interestingly, this difference was apparent in February 2016, but not in February 2017, as seen in Figure 9B . In this regard, we may speculate that the higher precipitation between December 2016 and February 2017, compared to the same period in the previous year served to obscure the differences caused by hillslope aspects. Differences between hillslope aspects stem from differences in radiation intensity: at 30 • N latitude, the radiation is more intense on the southern slopes than on the northern slopes. This affects temperature, soil moisture, and soil aggregation processes, which, in turn, affect vegetation and fauna characteristics [117] [118] [119] . Differences in vegetation cover, plant species diversity, and soil properties (organic matter content and soil moisture) between northand south-facing slopes in Mediterranean regions have been found in other studies, with significantly higher values being found on the northern slopes [120, 121] .
In the current study, we clearly demonstrated that the spatial monitoring of several key important parameters such as CP and NDF at a monthly temporal scale is possible. In this regard, additional research directions are needed to be considered. Specifically, monitoring of three main life-forms of vegetation, herbaceous growth, dwarf-shrubs, and shrubs that have different phenological cycles [41] and can be accurately monitored by using high spatial and temporal resolutions. With the Venus and Sentinel satellite systems allowing weekly follow-up of the growth process, it will allow for better accuracy in determining the sub-pixel life-form composition at a weekly scale [122, 123] . Furthermore, high temporal and spatial monitoring is particularly important for the future estimation of changes in ecological quality, due to rainfall and temperature variations, including periods of extreme climatic conditions [41] . In addition, future research should also examine the potential for mapping forage quality based on data from multiple geographic regions and covering a much larger range of CP and NDF values than that used in our study. The latter will allow for the development of more robust models. Finally, there is need to examine the annual rainfall pattern against the CP and NDF patterns on a much longer time-frame perspective.
Conclusions
The results of our study allow for the continuous monitoring of natural and semi-natural environments. Regression analyses was run to correlate between variability in reflectance across different spectral wavelengths (496 nm, 560 nm, 665 nm, 703 nm, 740 nm, 865 nm, 945 nm, and 2202 nm) and slopes (between 443-865 nm, 665-865 nm, 496-865 nm, and 783-1610 nm), with changes in CP and NDF. We used both field and laboratory measurements, as well as satellite imagery (Sentinel-2). Statistical models were developed using different calibration and validation data sample sets: (1) a mix of laboratory and field measurements (e.g., fresh and dry vegetation); (2) random selection.
In addition, we also estimated several vegetation indices (NDVI, SAVI, WDRVI) as proxies for CP and NDF. Comparable results were achieved by using different selections of sample sets. Interestingly, vegetation indices do not estimate CP accurately, whereas they fail to estimate NDF.
The observation of spatio-temporal variability in CP and NDF contents on a seasonal basis, as was shown in our study, has great potential for improving our understanding of the impact of climatic changes and human disturbances. Furthermore, we believe that it can help governments to solve conflicts over development versus conservation, in a more rational and sustainable way. These conflicts are expected to increase in the coming years, due to rising economic pressures, population growth, and global warming. Finally, the proposed methodology can be further developed and implemented in a more diverse range of fringe ecosystems.
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